Recent phosphoproteome analyses using mass spectrometry-based technologies have provided new insights into the extensive presence of protein phosphorylation in various species and have raised the interesting question of how this protein modification was gained evolutionarily on such a large scale. We investigated this issue by using human and mouse phosphoproteome data. We initially found that phosphoproteins followed a power-law distribution with regard to their number of phosphosites: most of the proteins included only a few phosphosites, but some included dozens of phosphosites. The power-law distribution, unlike more commonly observed distributions such as normal and log-normal distributions, is considered by the field of complex systems science to be produced by a specific rich-get-richer process called preferential attachment growth. Therefore, we explored the factors that may have promoted the rich-get-richer process during phosphosite evolution. We conducted a bioinformatics analysis to evaluate the relationship of amino acid sequences of phosphoproteins with the positions of phosphosites and found an overconcentration of phosphosites in specific regions of protein surfaces and implications that in many phosphoproteins these clusters of phosphosites are activated simultaneously. Multiple phosphosites concentrated in limited spaces on phosphoprotein surfaces may therefore function biologically as cooperative modules that are resistant to selective pressures during phosphoprotein evolution. We therefore proposed a hypothetical model by which the modularization of multiple phosphosites has been resistant to natural selection and has driven the richget-richer process of the evolutionary growth of phosphosite numbers.
Recent phosphoproteome analyses using mass spectrometry-based technologies have provided new insights into the extensive presence of protein phosphorylation in various species and have raised the interesting question of how this protein modification was gained evolutionarily on such a large scale. We investigated this issue by using human and mouse phosphoproteome data. We initially found that phosphoproteins followed a power-law distribution with regard to their number of phosphosites: most of the proteins included only a few phosphosites, but some included dozens of phosphosites. The power-law distribution, unlike more commonly observed distributions such as normal and log-normal distributions, is considered by the field of complex systems science to be produced by a specific rich-get-richer process called preferential attachment growth. Therefore, we explored the factors that may have promoted the rich-get-richer process during phosphosite evolution. We conducted a bioinformatics analysis to evaluate the relationship of amino acid sequences of phosphoproteins with the positions of phosphosites and found an overconcentration of phosphosites in specific regions of protein surfaces and implications that in many phosphoproteins these clusters of phosphosites are activated simultaneously. Multiple phosphosites concentrated in limited spaces on phosphoprotein surfaces may therefore function biologically as cooperative modules that are resistant to selective pressures during phosphoprotein evolution. We therefore proposed a hypothetical model by which the modularization of multiple phosphosites has been resistant to natural selection and has driven the richget-richer process of the evolutionary growth of phosphosite numbers. Protein phosphorylation is an important and ubiquitous post-translational modification that regulates a variety of biological processes in various organisms (1) (2) (3) (4) . Reversible phosphorylations of serine, threonine, and tyrosine residues are critical steps in the control of signal transduction pathways (1) (2) (3) (4) . Recent advances in MS-based technologies and phosphopeptide enrichment methods have allowed high throughput and large scale in vivo phosphosite mapping for a wide variety of organisms such as human (5) (6) (7) (8) , mouse (9) , yeast (10 -12) , fly (13, 14) , bacteria (15, 16) , and plants (17) (18) (19) . Moreover information on several hundred to several thousand phosphosites from each study has been gathered in public databases such as Phospho.ELM (20) , PhosphoSitePlus, PHOSIDA (21) , and UniProt (22) . However, the total number of phosphosites and most of their biological functions are still unknown. Similarly only about 10% of the estimated 500 -600 human kinases target known phosphosite consensus sequences within their substrate proteins (23) . Although the tyrosine phosphoproteome in Arabidopsis was recently published (24) , the corresponding tyrosine kinases have not been identified because of the lack of known consensus sequences activated by tyrosine kinases.
Computational data-mining approaches have been required to extract information from the large amount of accumulated phosphosite data obtained from experimental approaches. These approaches have also been used to add more meaningful information about each of the phosphosites to understand the proteome-wide protein phosphorylation in various organisms. One of the most useful strategies of computational data mining is to identify phosphorylated sequence motifs by extracting consensus sequences from the sets of amino acid sequences clustered around phosphorylated residues (25) . A number of kinases and their corresponding recognition substrate motifs have been successfully identified by the experimental approach of incubating each target kinase with a combinatorial substrate peptide library and ATP, and these data are registered in various databases, including the Human Protein Reference Database (HPRD) 1 (26) . With this knowledge of documented kinases and their related sequence motifs, we can use computational biology techniques to discover additional phosphorylated motifs in the numerous substrates shown in phosphoproteomics studies to be biologically phosphorylated. This has allowed us to reconstruct the kinome on a large scale (27) (28) (29) .
A comparative study of phosphoproteome data in multiple species has revealed that a wide range of phosphoproteins are relatively well conserved relative to non-phosphoproteins, and similarly many phosphoserine (Ser(P)), phosphothreonine (Thr(P)), and phosphotyrosine (Tyr(P)) phosphosites are well conserved compared with non-phosphorylated sites (21) . Under natural selection, the emergence of phosphoproteins and the gain and loss of phosphosites should have changed the regulation of many intracellular systems, such as kinetic pathways, subcellular protein localization, and protein interactions and stabilization. This triggered our interest in the evolution of phosphoproteins and their phosphosites.
In this study, we combined statistical physics and computational biology to investigate the role of selective pressure in the evolution of phosphoproteins and to create a model of the evolutionary gain of phosphosites. First using the human and mouse phosphoproteome data registered in public databases, we discovered that the number of phosphosites in each phosphoprotein follows a power-law distribution, which has been shown in complex systems science and statistical physics to emerge through a specific rich-get-richer process called preferential attachment growth (30 -32) . We therefore hypothesized that phosphoproteins may have evolved through a rich-get-richer process, gaining new phosphosites according to a probability density proportional to their current number of phosphosites. Starting from this hypothesis, we then explored how this particular evolutionary pattern may have arisen during natural selection and suggested that sets of phosphosites localized in limited spaces on protein surfaces may function as cooperative modules that are resistant to selective pressures. Therefore, to explain phosphosite evolution, we proposed a model in which the evolutionary gain of phosphosites follows a rich-get-richer process and evolution is promoted by the development of cooperative functional modules on protein surfaces.
EXPERIMENTAL PROCEDURES
Phosphosite Data-We initially obtained the phosphosite data and phosphoproteome sequences from the UniProt database (22) , which incorporates large scale data from many high quality phosphoproteomics studies. The complete list of UniProtKB/Swiss-Prot (Release 12.8) protein entries involving at least one phosphosite identified in high throughput phosphoproteomics studies was downloaded via the Protein Knowledgebase (UniProtKB) (33) (34) , which provides minimally redundant but maximally complete sets of proteins for registered species. We obtained a set of 69,731 amino acid sequences.
Phosphoserine-based Motifs-From the HPRD (26), we obtained a total of 171 Ser(P)-based human sequence motifs. Among these motifs, 158 were kinase and phosphatase motifs, and the others were protein-binding motifs.
Distribution of Phosphosite Numbers among Proteins-We counted the numbers of phosphosites in each protein by using prepared sets of phosphoproteins that included any type of phosphosite (i.e. all phosphoproteins), Ser(P) sites, Thr(P) sites, or Tyr(P) sites in human, mouse, and yeast. Then the cumulative probability distributions of phosphoproteins in each set were calculated with regard to the numbers of all types of phosphosites, "only Ser(P) sites," "only Thr(P) sites," and "only Tyr(P) sites"; in each distribution, the numbers of phosphosites were denoted on the horizontal axis (X), and the proportion having more than X phosphosites of all the phosphoproteins in the set was indicated on the vertical axis (P Ͼ (X)). Each distribution was then approximated by a power-law function. When a probability distribution density follows a power law, the probability of variable X (i.e. p(X)) is inversely proportional to the power of the variable X with a power-law exponent Ϫ, and its cumulative probability distribution density P Ͼ (X) also follows a power law with the power-law exponent Ϫ ϩ 1.
Therefore, to ascertain whether a distribution followed a power law, we analyzed its cumulative probability distribution because the cumulative probability distribution can normalize the effect of noise where the variable X is large with low p(X) arising from a small number of samples; this region is called the long tail region of the power-law distribution.
Characteristics of Phosphoprotein Sequences-To investigate whether the characteristics of phosphoproteins affect their distribution with regard to the number of phosphosites they contain, we observed the lengths and compositions of the amino acid sequences of phosphoproteins. In both human and mouse, we calculated the Pearson's correlation coefficients between the number of Ser(P) sites and protein lengths and between the number of Ser(P) sites and number of Ser residues.
Probabilistic Logic-based Reannotation of Phosphosite Numbers-To control for possible redundant annotations in the UniProt data, we newly estimated the number of phosphosites in the proteome sequences. We adopted a probabilistic logic model of the proteomewide mapping of phosphopeptides and stochastically estimated the number of phosphosites within each protein where at least one of its peptide sources matched multiple other protein sequences. We obtained human phosphopeptide data from the PHOSIDA database (21) and downloaded the human proteome sequences from IPI. Of all phosphosites within the phosphopeptides in the PHOSIDA database, we selected only the Ser(P) sites that scored highly reliable experimental post-translational modification probabilities (p Ͼ 0.75) (6) .
According to the experimental procedure of PHOSIDA in which trypsin is used to convert the protein mixture into a more analyzable population of peptides (21), we integrated the redundancy of phosphopeptides at the sequence level and matched them to proteome sequences on the basis of the following rules: the exclusive cleavage of a C-terminal Arg or Lys and the possible cleavage of the weakest peptide bond between Asp (on the N-terminal side) and Pro (on the C-terminal side) were induced in the trypsin digestion in the MSbased proteome analysis (35) . When a phosphopeptide fragment harboring k Ser(P) sites was redundantly matched to n protein sequences, we counted the expectation value of k divided by n (i.e. k/n) for each of n proteins. Using this procedure, we created a probabilistic logic-based reannotated set of the number of Ser(P) sites in each phosphoprotein. Then we analyzed the cumulative probability density distribution of all phosphoproteins included in the reannotated set according to their estimated number of Ser(P) sites.
Finally by downloading the cross-reference file of the protein IDs of multiple databases from the IPI, we integrated the information on the stochastically estimated number of Ser(P) sites with data from each corresponding phosphoprotein obtained from UniProt. Then using the phosphoproteins present in both the UniProt set and the reannotated set, we demonstrated the respective distributions of phosphoproteins according to the Ser(P) site numbers in the UniProt data and those in the reannotated set. Within the intersection set, the Pearson's correlation coefficient between the number of Ser(P) sites of respective proteins annotated in UniProt and those in the reannotated set was also calculated.
Localization of Phosphosites on Protein Surfaces-We evaluated the locations of phosphosites on the protein surfaces in the human and mouse phosphoproteome data from UniProt. For each set of all amino acid sequences of phosphoproteins in human and mouse, we used a sliding window of a certain size (see below) with a 1 Ϫ amino acid (AA) displacement and counted all the possible distances between two Ser(P) sites within the window when more than two Ser(P) sites were included in the window. Negative controls were generated by a similar procedure; when multiple Ser(P) sites were observed within the sliding window, we moved them to serine residues randomly selected from all the serine residues, including the actual Ser(P) sites, within the window and counted all the possible distances between two Ser(P) sites set randomly in silico.
The SURFACE database of protein surfaces (36) contains the distribution of residue lengths of amino acid segments appearing on protein surfaces. According to the distribution, 85% of the patches exposed on protein surfaces are composed of between 10 AA and 40 AA residues, and the peak of the distribution is around 20 AA. Therefore, to estimate the concentration of multiple phosphosites on the protein surface, we adopted sliding window sizes of 40, 20, and 10 AA using human and mouse phosphoproteomics data, and we compared the probability distributions of all the possible distances between pairs of Ser(P) sites with those of the negative controls. For each of the analyses, the window size and object species were varied, the negative control analyses were repeated 1,000 times, and the average and the 95% confidence intervals of the probability distributions of the negative controls were calculated.
Sequence Consensus around Phosphosites-We used the data set of Ser(P) sites obtained from UniProt to evaluate the sequence consensus of the amino acids surrounding the phosphosites within each phosphoprotein of human and mouse. For each Ser(P) site of each phosphoprotein, we identified the amino acids between the relative positions of Ϫ6 and ϩ6. Then by using each set of 13 AA including the surrounding sequences, the information entropy of every relative position was first calculated on the basis of information theory, such as used in the sequence logo program (37) . Let A be a class of 20 amino acids, and a is a given amino acid included within A. The occurrence ratio of a at position i can be represented as p i,a . The information entropy of a relative position i is defined as H i (bit) and is calculated as follows.
Finally we defined the mean information entropy H mean (bit) for each phosphoprotein by dividing the total information entropies of all the relative positions between Ϫ6 and ϩ6 by 13. Larger values of the H mean score express a higher consensus of sequences surrounding Ser(P) sites in a protein; the maximum score is ϳ4.32, derived from log 2 (20) , and a score of 0 means no consensus.
We also analyzed whether multiple phosphosites in a single protein matched the same previously documented phosphosite-based motif. By using the human Ser(P)-based motifs obtained from the HPRD, we searched for the motifs that most commonly matched the Ser(P) sites within the phosphoproteins. For each human phosphoprotein having more than 10 Ser(P) sites, we calculated the percentage of Ser(P) sites that matched the most common motif in the protein. The negative control for each phosphoprotein was prepared by randomly selecting the same number of phosphosites from the total pool of human Ser(P) sites in UniProt. Then the occurrence percentage of the most common motif among the randomly selected set was calculated. This random procedure was repeated 1,000 times, and its mean and S.D. were computed.
RESULTS

Power-law Rule in Phosphoproteins-
We analyzed the distribution of phosphoproteins in human and mouse with regard to their number of Ser(P) sites using phosphoprotein data obtained from the UniProt database. The cumulative probability density of each human phosphoprotein was approximated by a power-law exponent of Ϫ1.92, and the r 2 value of Pearson's correlation coefficient was 0.98 (Fig. 1A) . The cumulative probability density of mouse proteins was approximated with a power-law exponent of Ϫ2.00, and the r 2 value was 0.98 (Fig. 1B) . Human and mouse phosphoproteins also followed power-law distributions with high correlations with regard to their number of Ser(P)/Thr(P)/Tyr(P) phosphosites, only Thr(P) sites, and only Tyr(P) sites (see supplemental Figs. S1-S3) as did yeast phosphoproteins for all types of phosphosites (data not shown).
Next to investigate whether the power-law distributions were potentially affected by the characteristics of the phosphoprotein sequences, we examined the correlations between the numbers of Ser(P) sites and the lengths of the phosphoproteins in human and mouse. The r 2 values calculated from the linear approximation were 0.02 in human and 0.05 in mouse (supplemental Fig. S4, A and B) , indicating that there was no correlation between the Ser(P) site numbers and the lengths of the phosphoproteins. Similarly the number of Ser(P) sites and the number of Ser residues in the human and mouse phosphoproteins had r 2 values of 0.05 and 0.10, respectively (supplemental Fig. S4, C and D) . In fact, the probability distributions of human and mouse phosphoproteins with regard to the number of Ser residues were log-normal distributions (Fig. 2) . Therefore, the power-law rule linking the On the Evolutionary Increase in Phosphosites phosphosite numbers to protein probabilities was not caused by the characteristics of the primary sequences of amino acids within the phosphoproteins.
More than one protein may have identical stretches of amino acids, an issue that is not addressed in the UniProt database, and we were concerned about the possible effect of redundant or duplicative annotation on the distribution pattern of phosphosite numbers of individual proteins. Therefore, we used PHOSIDA phosphopeptide data obtained with an MS-based analysis to conduct a probabilistic logic-based estimation of the numbers of phosphosites for each protein within the IPI database, which consists of minimally redundant but maximally complete sets of documented proteins. From this, we generated a stochastically reannotated set of phosphoproteins along with their estimated number of Ser(P) sites (see "Experimental Procedures"). The distribution of the reannotated phosphoproteins with regard to their number of Ser(P) sites was also proportional to a power law with an exponent of Ϫ1.73 and an r 2 value of 0.99 (Fig. 3A) . When we focused only on phosphoproteins included in both UniProt and the reannotated data, a power-law distribution of phosphoproteins with regard to the number of Ser(P) sites annotated in UniProt was observed with an exponent of Ϫ2.00 and an r 2 value of 0.98 (Fig. 3B) . In this population, a power-low distribution was also observed according to the number of Ser(P) sites estimated in the reannotated set with a power-law exponent of Ϫ1.76 and an r 2 value of 0.97 (Fig. 3C) . Moreover the number of Ser(P) sites estimated in the reannotated set was correlated with the number in the UniProt database with an r 2 value of 0.51 (Fig. 3D) . Thus, the power-law rule in the number of phosphosites was not likely to arise from redundant proteome-wide mapping of phosphopeptides.
Furthermore we demonstrated that the observed powerlaw distribution was independent of protein abundance. We were concerned that the phosphosites of abundant proteins might be more likely to be identified by MS, thereby resulting in the power-law distribution. Therefore, we estimated the absolute abundances of proteins in a lysate of HeLa cells at the proteome level by calculating the exponentially modified protein abundance index (emPAI (38) ) in an LC-MS/MS experiment. We also used phosphoproteome data we obtained from the same cell lysate in our previous studies (5, 39, 40) to count the numbers of phosphosites of individual proteins. We found no correlation between the number of phosphosites within respective proteins and their copy number (for details, see supplemental Fig. S5 ). In fact, in this analysis, proteins containing many phosphosites seemed to be less abundant than other proteins (supplemental Fig. S5) .
Localization of Phosphosites on Protein Surfaces-We hypothesized that the power-law distribution of phosphoproteins emerged during evolution according to the preferential attachment growth principle whereby a phosphoprotein gains new phosphosites according to a probability that is proportional to its current phosphosite number. To investigate what might have promoted the rich-get-richer growth of phosphosites during evolution, we conducted a bioinformatics analysis using human and mouse data from UniProt to estimate phosphosite localization on the protein surface. By sliding a window of a given size along the phosphoprotein sequences, we were able to measure the distances between all possible pairs of Ser(P) sites within each sliding window. According to the SURFACE database, most stretches of amino acids appearing on protein surfaces range from 10 to 40 AA with a peak at 20 AA. Therefore, we used these three values as the window sizes to predict the localization of phosphosites on protein surfaces. Negative controls were FIG. 3 . Cumulative probability distribution of number of Ser(P) sites within phosphoproteins of the reannotated set. The distribution of cumulative probabilities of phosphoproteins according to their estimated number of Ser(P) sites ("# of pS") in the human phosphoproteins reannotated by using PHOSIDA and IPI data (A) is shown. The distribution of phosphoproteins in the intersection between UniProt and the reannotated set according to the number of Ser(P) sites annotated in the UniProt data (B) and in the reannotated set (C) is shown. For a detailed explanation of the cumulative probability distribution, see the legend to Fig. 1 . Within the intersection set, the correlation between the number of Ser(P) sites annotated in UniProt and those estimated in the reannotated set was calculated with the r 2 value of the Pearson's correlation coefficient (D). The dotted gray line indicates its straight line approximation.
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generated by randomly placing Ser(P) sites within the sliding windows onto any serine residues within the respective windows (see "Experimental Procedures").
In all the results obtained by displacing sliding windows of 40, 20, and 10 AA by 1 AA on the sequences of human and mouse phosphoproteins, the distances between pairs of Ser(P) sites within the windows were significantly shorter than those generated by negative control trials (Fig. 4) . For each window size in each species, we compared the probability distribution of distances between two actual Ser(P) sites with the higher confidence bound of the probability distribution estimated by 1,000 repetitions of the negative controls. When the sliding window size of 40 AA was used on the human data, the probabilities of distances of two Ser(P) sites under 5 were significantly higher than those estimated for the negative controls in human (p Ͻ 0.05) (Fig. 4A) , and the probabilities of distances under 4 were significantly higher than those of the negative controls in mouse (p Ͻ 0.05) (Fig. 4D) . Similarly the probabilities of distances under 3 were significantly higher than those of the negative controls when the sliding window of 20 AA was used in both human and mouse (p Ͻ 0.05) (Fig. 4, B and E) , and the probabilities of distances under 2 were significantly higher than those of the negative controls when the sliding window of 10 AA was used in both species (p Ͻ 0.05) (Fig. 4, C and F) . Although some FIG. 4 . Distribution of distances between two Ser(P) sites within limited spaces of phosphoprotein sequences. Using sliding windows of 40, 20, and 10 AA on the phosphoproteome sequences with a 1-AA displacement, the probability density distributions of distances between all possible pairs of Ser(P) (pS) sites included within the sliding windows are shown as the black-filled graphs in A-C for human and D-F for mouse. Sequence distance (d) between two Ser(P) sites is shown by the number of amino acid residues between the two sites; thus, d ϭ 0 means the two sites are next to each other. In each figure, the gray solid line indicates the average of distributions calculated from 1,000 random trials as negative controls, and both sides of the 95% confidence intervals estimated by the negative trials are indicated by gray dotted lines (see "Experimental Procedures").
probability differences between the positive and negative controls are hard to observe in the figures when a 10-AA sliding window was used in either species, especially at the distance of 1 AA in mouse, all of the probabilities for the positive controls were significantly higher than those for the negative controls (detailed data not shown). These results suggest that multiple phosphosites within a phosphoprotein tend to localize within the sequences located on the protein surfaces.
Sequence Consensus around Phosphosites with Each Protein-Next we analyzed the sequence consensus around phosphosites in human proteins. Using information theory, we calculated the mean information entropy of H mean for the amino acids between the positions of Ϫ6 and ϩ6 relative to each Ser(P) within the same phosphoprotein. Within the 20 phosphoproteins with the largest number of Ser(P) sites, most of the H mean scores were above 1, indicating that sequences surrounding Ser(P) sites in the respective phosphoproteins are strongly biased toward specific patterns (Table I) . Moreover in sequence logo representations of the sequences surrounding each Ser(P) site within some example phosphoproteins, we also observed remarkable sequence biases around the Ser(P) sites (Fig. 5) . However, we could not rule out the possibility that this result was caused by bias in the occurrence of amino acid residues within each protein rather than by the relationship of these residues to phosphosites.
On the other hand, many phosphorylation sequence motifs have been documented in previous studies, and substrate proteins including phosphorylation motifs are thought to be the targets of specific kinases (26) . We therefore next examined whether multiple phosphosites in a single protein tended to be targeted by some of the common kinases. We obtained the documented Ser(P)-based motifs in human proteins from the HPRD, and for each phosphoprotein that included more than 10 Ser(P) sites we extracted the motif that most commonly matched the Ser(P) sites and calculated the percentage of Ser(P) sites represented by the most
TABLE I The 20 human phosphoserine proteins containing the highest numbers of Ser(P) sites
Proteins are sorted by number of Ser(P) sites annotated in the UniProt database; the top 20 are listed (for the full list, see the supplemental Table S1 ). The column "Name" indicates the protein names obtained from the UniProt database. Numbers of Ser(P) sites in each protein are shown under "No. of Ser(P)Љ; the column "UniProt" indicates those annotated in UniProt, and "Reannotated" indicates those estimated using the PHOSIDA and IPI databases. In the column "Length," the number of amino acid residues in each protein is shown, and the number of Ser residues is in parentheses. Each value in the column "H mean " is the mean information entropy calculated by using all the sequences surrounding Ser(P) sites within a given protein. The occurrence percentage of the most common motif of each protein is represented in subcolumn "P" of the column "Percentage of the most common motif." The subcolumn "N" denotes the mean and S.D. calculated from 1,000 trials of the negative control. Selected annotations from UniProt are listed in the column "Comments."
Name
No On the Evolutionary Increase in Phosphosites common motif. For each phosphoprotein, we calculated the occurrence percentage of the most common motif and the mean and S.D. calculated from 1,000 repetitions of the negative control trials (Table I and Fig. 6 ). The occurrence percentages of the most common motifs were much higher than those of the negative controls, especially in proteins with larger numbers of Ser(P) sites (Fig. 6) . Although it is possible that the specific sequence pattern biases around Ser(P) sites within the respective phosphoproteins are caused by pattern biases that exist naturally in the whole proteins, we suggest that specific observed biases in the sequences surrounding sets of Ser(P) sites might promote the targeting of phosphosites within a protein by common kinase proteins.
Model of Phosphoprotein Evolution-We further developed a computational program simulating the evolution of the phosphoprotein population according to the preferential attachment growth rule (supplemental Fig. S6) . The model generated power-law distributions of phosphoproteins when several parameters were adopted (supplemental Fig. S7 ). These findings from our model might explain why phosphoproteins containing many phosphosites are likely to be conserved among multiple species (supplemental Fig. S8 ).
DISCUSSION
When the probability of measuring a particular value of some quantity varies inversely as a power of that value, the quantity is said to follow a power law, also known as Zipf's law or the Pareto distribution (30) . Notably in the field of statistical physics, it has been shown that this distribution emerges by a rich-get-richer process (31, 32) known as preferential attachment growth. A simple example of this process is the growing network of Web page links, which follow a power-law distribution (32) . In this rich-get-richer generative model, each new Web page creates links to existing Web pages with a probability distribution that is not uniform or normal but is proportional to the current in degrees of Web pages (32) . Power-law distributions have also been observed in some biological phenomena, such as the distribution of the node degrees in a protein-protein interaction network (41, 42) and the distribution of the gene expression levels of various species (43) . These findings suggest that genome evolution might be promoted by some extremely general and simple mechanisms based on the preferential attachment growth principle (41, 44 -46) . Here we hypothesized that the distribution of phosphosites and phosphoproteins has evolved through the richget-richer process of preferential attachment growth whereby the phosphoprotein population regularly grows and each phosphoprotein gains new phosphosites according to a probability that is proportional to its current phosphosite number.
We initially found that human and mouse phosphoproteins identified in the UniProt database followed a power-law distribution with regard to their numbers of phosphosites: whereas most of the phosphoproteins included only a few phosphosites, there were some that contained many tens of phosphosites. Because every category of phosphoprotein data (all types of phosphosites, only Ser(P) sites, only Thr(P) sites, and only Tyr(P) sites) exhibited a power-law distribution and the data were most abundant for Ser(P) sites and Ser(P) proteins in both the human and mouse (giving the most support for further statistical analyses), we focused on Ser(P) sites throughout this study to further investigate the powerlaw rule in phosphoproteins and their biological and evolutionary significance.
In the human phosphoprotein data in UniProt, we observed phosphoproteins with up to 142 Ser(P) sites (Table I) . Although the overall content of Ser residues within a few of these proteins, such as the SRRM2 protein, was also high (Table I) , we demonstrated that the power-law rule did not arise from the amino acid contents or any sequence characteristics of the phosphoproteins. We also eliminated the possibility that the power-law distribution of phosphoproteins was affected by redundant annotation in the UniProt database. In MS-based phosphoproteome analyses, proteins are digested to peptides, and then proteome-wide mapping of identified phosphopeptides is conducted to search for their source phosphoproteins and to determine the positions of phosphosites on the protein sequences. However, a fragment ion spectrum of a unique phosphopeptide can sometimes be matched to, and potentially attributed to, multiple proteins. Even a single gene may produce multiple proteins that contain similar protein fragments through alternative splicing (47) . This problem has not been addressed in the UniProt data. To rule out the effects of redundant annotations of phosphosites possibly included in the UniProt data, we reannotated the phosphosites by using data from PHOSIDA and IPI and probabilistic logic, and we determined that the experimental and annotation procedures used for the phosphoprotein data did not affect the bias of phosphosite number or the power-law distribution of the phosphoproteins. However, the possibility remained that the phosphosite numbers of individual proteins were correlated with the abundance of the protein. We further demonstrated that phosphosite numbers were not related to protein abundance and that the power-law rule was not affected by the abundance of each protein (supplemental Fig.  S5 ). The evolution of the phosphoprotein population according to the preferential attachment growth rule was further supported by our computational model (see supplemental Figs. S6 and S7).
Protein phosphorylation is an important post-translational modification that regulates a variety of biological processes, such as cellular signaling pathways, subcellular protein localizations, and protein interactions and stabilization (1) (2) (3) (4) . Among the list in Table I of human phosphoproteins that include many phosphosites, there are several that have notable functions. For example, TP53BP1 is a DNA damage checkpoint protein that binds to the DNA-binding domain of p53 and enhances p53-mediated transcriptional activation (48) . TP53BP1 is known to be hyperphosphorylated in response to DNA damage (48) . MDC1 is another DNA damage checkpoint protein that contributes to the early cellular responses to DNA damage by inhibiting phosphorylation of p53 to protect cells from apoptotic cell death (49) . Additionally the phosphorylation of INCENP, an inner centromere protein, by Aurora B kinase regulates mitosis (50) . Because the functional behaviors of these proteins might be highly related to their phosphorylation status, improving our understanding of the evolution of phosphosites will help us to understand the important functions of these and other phosphoproteins.
We then explored what factors can lead to the preferential attachment of new phosphosites within the growing phosphoprotein population. In our two bioinformatics sequence analyses (of phosphosite localization and the consensus sequence around phosphosites), phosphosites within a phosphoprotein tended to be concentrated in limited regions of the protein surface and to be targeted together by several common kinases. We therefore suggest that groups of phosphosites concentrated in specific regions of protein surfaces tend to be activated simultaneously by their respective kinases and act biologically as functional modules. Recently simultaneous phosphorylation of closely concentrated Ser(P) sites was identified in the amino acid sequence of the Amphiphysin I protein from rat brain nerve terminals (51) . The simultaneous activation of localized phosphosites and their cooperativity may provide some benefits for the cellular sys-tem. In some cases, phosphorylation of multiple amino acid residues enables protein interaction or stabilization that is not achieved by single phosphorylation. For example, multiple phosphorylations in some components of the postsynaptic density, a protein complex lining the postsynaptic membranes of neurons, regulate synaptic structure and function (52) . Furthermore when multiple phosphosites that are closely concentrated on a protein surface have similar effects on the cellular system, each might be able to amplify the effect of the phosphorylation or act as a backup for the others. For example, in cell cycle regulation of mitogen-activated protein kinase signaling in yeast, phosphorylation of multiple phosphosites on Ste5, a mitogen-activated protein kinase (MAPK) cascade scaffold protein, results in substantial accumulation of negative charges and is required for the effective inhibition of mitogen-activated protein kinase signaling (53) .
In the evolution of a living system, biological merit is directly linked to the robustness of resistance to genetic changes. Phosphosites are significantly more conserved than nonphosphorylated sites (21) . Here we have suggested that multiple phosphosites concentrated on a protein surface form functional modules and act cooperatively, and we consequently propose that they may be evolutionarily robust and resistant to natural selection pressure. Moreover if a phosphoprotein contains a larger number of phosphosites, the protein is more likely to form phosphosite modules, and the phosphosites are more likely to be robust; this increases the chance that each member of a larger cluster of phosphosites in a protein will survive over evolution. This logic is consistent with the rich-get-richer generative model of phosphosite evolution (see supplemental Figs. S6 and S7) and the result that phosphoproteins containing many phosphosites are likely to be conserved among multiple species (see supplemental Fig. S8) . Thus, the functional and cooperative organization of multiple phosphosites that are concentrated in a limited space on the protein surface is a possible factor that has promoted the preferential attachment growth of phosphoproteins. Although the increasing amount of phosphoproteomics data is remarkable because of breakthroughs in many experimental techniques, our knowledge of the functions and evolution of phosphoproteins has not kept pace. We believe that our proposed hypothesis and findings will provide useful tools for uncovering the role of phosphorylation in living cellular systems.
